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(57) ABSTRACT 

A system, method and program product for estimating effort 
of implementing a system based on a use case specification 
document. A system is provided that includes: a Volumetrics 
processor that quantifies a structure of the document and 
evaluates a format of the document; a domain processor that 
identifies a domain of the system associated with the docu 
ment; a complexity processor that defines a set of complexity 
variables associated with the document based on the structure 
of the document, a format of the document and a domain of 
the document; and a neural network that estimates an effort 
based on the set of complexity variables. 
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EFFORTESTMATION USING TEXT 
ANALYSIS 

FIELD OF THE INVENTION 

This disclosure is related to evaluating the effort required to 
implement a system based on a document describing the 
system, and more particularly to a system and method of 
evaluating use cases using pattern similarities of text in a 
document to estimate effort. 

BACKGROUND OF THE INVENTION 

There exist numerous applications, including project man 
agement, in which it may be important to provide an initial 
evaluation of the development effort required to implement a 
Solution based on a written proposal. 

In a typical scenario, upon receiving either a RFP (request 
for proposal) or a project pre-analysis, the Supplier/provider 
prepares a proposal estimating the requirements in the speci 
fication, which itself is often very poorly written and in need 
of a proper standard. In order to prepare the proposal, the 
estimate is performed using traditional and empiric methods. 
In one approach, a proprietary methodology is applied, in a 
top down fashion, requiring specialized resources and time. 
In another approach, the estimate is bottom up, potentially 
being more precise when all the data is available but, in the 
typical case (in which the specification is poor) the approach 
is very imprecise and very time-consuming. 

In general, these approaches lack efficiency and consis 
tency making it impossible for both the provider and 
requester to assess different proposals. In practice, very few 
proposals can actually be analyzed which can greatly limit the 
likelihood of a successful project. 

To address this, the RFP may request effort estimates using 
Some standards, such as man-hours, function points or use 
case points, thus allowing for external comparisons. Unfor 
tunately, trying to apply cost estimation models, or simple 
measurements like function points or use case points, pro 
vides only limited results since the estimate is either too rough 
or the modeling takes too much time. In addition, any local 
knowledge (e.g., how does a current proposal compare to 
previously evaluated proposals) is frequently ignored in the 
analysis. 

SUMMARY OF THE INVENTION 

The present invention relates to a system, method and 
program product for estimating the effort required to imple 
ment a proposal document, such as a use case specification 
document. In one embodiment, there is a system for estimat 
ing an effort to implement a solution associated with a docu 
ment, comprising: a computing device that comprises: a Volu 
metrics processor to quantify a structure of the document and 
evaluates a format of the document; a domain processor to 
identify a domain of the system associated with the docu 
ment; a complexity processor to define a set of complexity 
variables associated with the document based on the structure 
of the document, a format of the document and a domain of 
the document; and a neural network to estimate an effort 
based on the set of complexity variables. 

In a second embodiment, there is a method for estimating 
effort for implementing a system associated with a document, 
comprising: quantifying a structure of the document and 
evaluating a format of the document using a computing 
device; identifying a domain of an application associated with 
the document; defining a set of complexity variables associ 
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2 
ated with the document based on the structure of the docu 
ment, a format of the document and a domain of the docu 
ment; using a neural network to estimate an effort based on 
the set of complexity variables; and outputting the effort via a 
tangible medium. 

In a third embodiment, there is a computer readable 
medium having a program product stored thereon for estimat 
ing an effort of implementing a system associated with an 
inputted document, which when executed by a computing 
device, comprises: code for quantifying a structure of the 
document and evaluating a format of the document; code for 
identifying a domain of an application associated with the 
document; code for defining a set of complexity variables 
associated with the document based on the structure of the 
document, a format of the document and a domain of the 
document; and code for estimating an effort based on the set 
of complexity variables. 

In a fourth embodiment, there is a method for deploying a 
system for estimating an effort of implementing a system 
associated with an inputted document, comprising: providing 
a computer infrastructure being operable to: quantify a struc 
ture of a document and evaluate a format of the document 
using a computing device; identify a domain of an application 
associated with the document; define a set of complexity 
variables associated with the document based on the structure 
of the document, a format of the document and a domain of 
the document; and use a neural network to estimate an effort 
based on the set of complexity variables. 

BRIEF DESCRIPTION OF THE DRAWINGS 

These and other features of this invention will be more 
readily understood from the following detailed description of 
the various aspects of the invention taken in conjunction with 
the accompanying drawings. 

FIG. 1 depicts a computer system having an effort estima 
tor in accordance with an embodiment of the present inven 
tion. 

FIG. 2 depicts a process flow of the effort estimator in 
accordance with an embodiment of the present invention. 

FIG. 3 depicts a result matrix for determination of the 
domain in accordance with an embodiment of the present 
invention. 

FIG. 4 depicts a probability matrix in accordance with an 
embodiment of the present invention. 
The drawings are merely schematic representations, not 

intended to portray specific parameters of the invention. The 
drawings are intended to depict only typical embodiments of 
the invention, and therefore should not be considered as lim 
iting the scope of the invention. In the drawings, like num 
bering represents like elements. 

DETAILED DESCRIPTION OF THE INVENTION 

The present invention provides a solution for estimating an 
effort of implementing a system based on an inputted docu 
ment Such a proposal generated in response to for example, a 
request for proposal (RFP). In an illustrative embodiment, the 
inputted document comprises a “use case' that is associated 
with a system, also referred to herein as a use case specifica 
tion document. Use cases are commonly utilized to describe 
a behavior of a system as it responds to requests or inputs from 
outside the system. For example, a web-based merchant use 
case may define user processes for viewing web pages, add 
ing and removing items from a shopping cart, checking out, 
etc. The present invention provides a mechanism for evaluat 
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ing an effort (e.g., amount of man hours) required for imple 
menting a use case through the use of a neural network tech 
nology. 

FIG. 1 depicts an illustrative embodiment of a computer 
system 10 for evaluating a use case 20 and outputting a 
measure of effort 22, Such as man hours. Although described 
as evaluating use cases 20 and generating man hours, the 
present invention could be directed at any application in 
which a measure of effort 22 (cost, time, amount of product, 
etc.) is desired from a set of written data that conforms to 
Some predefined type, standard or specification. In addition, it 
is noted that use case 20 may be contained in any format, e.g., 
a printed document, an electronic file, etc. Similarly, effort 22 
may be generated in any tangible medium as well, e.g., a 
printed document, a viewable interface, a storage device, etc. 

In general, it is possible to analyze a use case and decom 
pose it in a basic structure. For example: 

<Use Case ::= Brief Description <text 
Actors <text | {<text 
Basic Flow <texts |{<textd. 
Alternative Flows <text | {<text 
Sub flows <texts |{<text 
Pre-Conditions <text | {<text 
Pos-Conditions <text | {<texts 
Extention Points <text | {<text 
Special Requirements <text | {<text 
Miscelaneous <text | <figure> 

This technique of describing the structure of a use case 
follows the RUP IBM Rational Unified Process (Discipline 
of Requisite Management) standard, which is taught in train 
ing courses and process artifacts. Such as Use Case Modeling 
Guidelines, Requirement Management with Use Cases 
(RMUC) IBM Corp. 2003. 

In this description, the <terms> and <figures> are deemed 
as primitive elements, and, from them, a use case can be 
understood as a text, a sequence of terms within a special 
structure. Use cases 20 follow known formation standards, 
whose completeness can be determined by analyzing of the 
structure of the inputted specification document. 

In the illustrative embodiment described, effort estimator 
18 creates three groups of input variables that allow the neural 
network38 to recognize complexity. These groups are created 
by a volumetrics parser 30, a domain processor 32 and a 
complexity processor 34. 

DEFINITIONS 

The following definitions and concepts are provided. 
1. Similarity—There is a mutual dependence between words 
and sentences. Similar words appearin similar sentences, and 
similar sentences are composed of similar words. 
2. Affinity—If word occurrence patterns are similar, these 
words are deemed as having high affinity. In opposition, 
different word occurrence patterns imply non-affinity with 
each other. 
3. Probability of occurrence The probability of occurrence 
of a word in all sentences is defined as a kind of frequency, 
e.g., a number of occurrences of the word in the text divided 
by total number of words. 
4. Pattern Recognition. The neural network 38 is able to 
extract basic rules from real data and learn through examples. 
In this case, the problem involves determining the input vari 
ables that can provide enough information to allow the neural 
network to recognize patterns of complexity. 
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4 
5. Dictionary The dictionary 24 stores words and weights 
from different Subjects or matters (i.e., domains), using seg 
mentation of matters and domain vocabulary. New texts (i.e., 
use cases) are "dictionarized and analyzed accordingly with 
affinity and similarity. New texts and words help to dynami 
cally construct the dictionary 24 from the start point of the 
domain vocabulary. 

Volumetrics parser 30 provides a group of variables that 
indicate the size characteristics of the use case 20. This group 
of variables characterizes the text volume and the way the text 
is distributed, and is referred to as “structural or morphologi 
cal volumetrics.” The generated variables quantify the struc 
ture of the use case 20 in order to allow evaluating its condi 
tion. In an example provided below of structural volumetrics 
variables, 26 variables are implemented including: number of 
terms, number of terms in the brief description, number in 
steps in the basic flow, etc. 
Domain processor 32 is responsible for generating vari 

ables that assist in identifying the subject or matter of the use 
case 20, thus identifying the domain of the application. 
Domain examples, include, e.g., telecommunications, chemi 
cal industry, aeronautical industry, financial system, insur 
ance, etc. This set of variables is referred to as the “domain or 
segmentation of matters, which, besides identifying the mat 
ter, provides feedback to dictionary 24, so that the effort 
estimator 18 itself can create/enhance the vocabulary of the 
domain. Any number of domain variables can be utilized. 
Domain variables include, e.g., language, number of found 
terms of the domain, historical average of the number of 
found terms, percentage of domain terms in the number of 
total terms, etc. 

Complexity processor 34 determines a complexity or fre 
quency of terms, which are variables characterizing the com 
plexity by calculating the frequencies of occurrence of terms 
of the domain on the pre-evaluated structures by the structural 
Volumetrics. Complexity variables may include, e.g., the 
number of domain terms in the brief description, percentage 
of domain terms in the brief description, number of domain 
terms in the basic flow, percentage of domain terms in the 
basic flow, etc. The results are fed into the neural network38, 
which in turn calculates effort 22. 

Referring to FIG.2, a more complete system flow is shown. 
As noted, the first process performed by Volumetrics parser 
30 involves calculation and storing of volumetrics. After use 
case 20 is inputted, e.g., using a scanner or some other input 
process, the original text is collected and a tokenization of the 
found terms is created 40, the Volumetric parser 30 will cal 
culate the number of terms within each document structure, 
and create a derivation tree that will be kept as a storing 
structure (i.e., data structure) 44 during the processing. This 
tree contains the original terms and values of the text found in 
each document structure. As part of this process, an analysis 
of proper document formation 42 is performed in order to 
check the structure of the use case 20. Volumetric parsing can, 
e.g., analyze the use case to determine if it is complete, 
whether the basic flow steps are too heavy, whether the use 
case document should be rejected, etc. 

Determining whether the use case 20 is of properformation 
is accomplished by evaluating the structures within the use 
case document against established use case writing standards. 
Using the formation of parameters, a precision rate (e.g., 
0-100) 46 can be used to characterize the state of the use case 
20. 

For example, points can be awarded for meeting various 
criteria. For instance, if the use case document is well iden 
tified, i.e., has a title and brief description, up to 10 points can 
be awarded. If the use case document is well outlined, e.g., 
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includes steps on basic flow and alternative flows, an addi 
tional 20 points can be awarded. Partial credit can be awarded, 
e.g., if the brief description is empty, the alternative flow is 
empty, or the basic flow is empty. If the use case document is 
well detailed, an additional 70 points could be awarded. The 
use case document could also be classified as identified, out 
lined, and/or detailed. 

In one illustrative embodiment the following 26 structural 
volumetrics variables may be utilized: 

it of terms 
it of terms in the brief description 
it of steps in the basic flow 
# of paragraphs in the basic flow 
it medium of terms by step in the basic flow 
# medium of terms by paragraph in the basic flow 
# medium of paragraphs by step in the basic flow 
it of terms in the alternative flows 
it of alternative flows 
# of paragraphs in the alternative flows 
it medium of terms by alternative flow in the alternative 

flows 
it medium of terms by paragraph in the alternative flows 
# medium of paragraphs by alternative flow in the alterna 

tive flows 
it of terms in the sub flows 
it of sub flows 
# of paragraphs in the Sub flows 
it medium of terms by sub flow in the sub flows 
it medium of terms by paragraph in the sub flows 
it medium of paragraphs by sub flow in the sub flows 
it of actors 
it of terms in the pre-conditions 
# of terms in the post-conditions 
it of terms in Special Requirements 
it of terms in Miscellaneous 
# of inclusions and extensions (Extension points) 
The second process, performed by domain processor 32, 

involves identification of the domain, which may be deter 
mined in the following manner. From the stored tree 44, a 
dictionarization parser 48 creates a one-dimensional vector 
containing the terms of the text. A next process includes 
filtering certain terms 50, e.g., removing terms having less 
than two letters, removing all actor names in the text, and 
applying an elimination vocabulary. This vocabulary com 
prises terms deemed as non-expressive for recognizing 
domains. Next, the domain processor 32 will analyze each 
term of the vector to locate the term in the dictionary 24, 
which associates terms with possible domains. In many cases, 
a given term may be associated with more than one domain. 
Once a set of candidate domains (the orderly series of most 

probable candidate domains) are found, the domain processor 
32 will calculate 52 the absolute frequency (freq), the prob 
ability or relative frequency (p), the affinity (aft) and the 
global affinity or cohesion (affG) for each term, and will 
create a frequency matrix from them, Such as that shown in 
FIG. 4. For example, FIG. 4 shows the terms “current and 
“stator' that are words from the one-dimensional vector of the 
original text. Because the word “stator was found in the 
dictionary, the value of aff(stator) is set to 1. The global 
affinity or cohesion affG of the one-dimensional vector is 
calculated and determined to be equal to 0.833. Probability 
values of p(stator) and p(current) are used to calculate the 
affinity, aff(current), initially unknown and non-existent in 
the dictionary. In this example: 0.01, 0.1 and 8.37154 . . . 
respectively. 
The definitive domain definition will be made by verifying, 

in the most probable order, if the number of terms found and 
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6 
the global affinity (cohesion) are within the historic range of 
these values stored in the dictionary 24. (Note: it is possible to 
substitute algebraic criteria for the use of an ancillary neural 
network, with the exclusive purpose of recognizing the 
domain). 
A dictionary feedback process 58 is implemented for iden 

tifying new terms in the use case 20 with affinity higher than 
the global affinity, and for introducing those terms into the 
dictionary 24, thus updating the stored affinity. An initial 
domain vocabulary 56 may be utilized to begin formation of 
the dictionary 24, prior to obtaining feedback over time. As 
the iterations of feedback occur, the dictionary 24 will be 
self-constructed. 

In one illustrative embodiment, the determination of can 
didate domains may be implemented using a simple proce 
dure of punctuation or probability, according to the appear 
ance of the term in one or more domains. To illustrate this 
procedure, see FIG. 3. For instance, if a term is present in 
three domains it receives the probability of /3; if it is present 
in two domains, /2; if it is only found in one domain, the term 
receives the probability 1 and so forth. In the example of FIG. 
3, we have domain D2 with the highest value of the sum, 
therefore D2 will be considered the most likely domain for the 
words of the one-dimensional vector. 

Probability P is thus defined: 
P(w'i,D)=1/N 

where wiis the term found in a certain domain D and N is 
the total number of domains in the dictionary. 

SUM=Sum of P(w'i) in the domain D 

The largest Sum for a domain determines the domain or it 
creates an orderly series of candidate domains. 

where D is the orderly series of most probable candidate 
domains. 
The frequency matrix is determined as follows. To define 

the frequency matrix of a term vector a cohesion parameter is 
first defined between the terms of the vector and the domain of 
the dictionary. That parameter will be the proportion among 
the terms of the vector, located in the domain, and the total 
number of terms of the vector. 

Global affinity or cohesion in relation to the domain is 
defined as: 

where iwi is the number of terms belonging to the text, 
found in a certain domain D in the dictionary, n is the total 
number of original terms in the text (after the filtering pro 
cess). 

iwi is the number of terms belonging to the text 
Absolute frequency (freq) is the number of appearances of 

the term: it wi 
Probability or relative frequency of the term will be: 

p(wi)=#wi/n 

Affinity is a measure that is calculated among a certain 
term (wi) and all the other terms that were located in the 
domain (w'i). That measure is proportional to the reason 
among the appearance probabilities and it can be defined as a 
proportional average to the probabilities and the cohesion 
factor: 

In one illustrative embodiment, the following 21 domain 
variables could be utilized: 

language 
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domain 
it of found terms of the domain 
it of found terms of the domain (last) 
it of found terms of the domain (next to the last) 
it of found terms of the domain (before-next to the last) 
historical average of the # of found terms 
standard deviation of the # of found terms historical aver 

age 
% of domain terms on the # of total terms 
% of domain terms on the it of total terms (last) 
% of domain terms on the it of total terms (next to the last) 
% of domain terms on the # of total terms (before-next to 

the last) 
historical average of the global affinity 
standard deviation of the global affinity historical average 
it of terms of last UC 
it of terms of next to the last UC 
it of terms of before-next to the last UC 
it of loaded terms in the dictionary 
it of terms of last UC loaded in the dictionary 
it of terms of next to the last UC loaded in the dictionary 
it of terms of before-next to the last UC loaded in the 

dictionary 
Complexity processor 34 provides the third step of the 

process, calculation of complexity. Once the domain is 
defined 54, the dictionary 24 is updated with feedback 58, the 
precision rate is defined 46 by the condition analysis, and the 
Volumetrics is stored 44, complexity variables may be calcu 
lated by the complexity processor 34. In one illustrative 
embodiment, the complexity processor 34 first sweeps the 
stored tree and seeks the terms now found in the dictionary 24 
(i.e., after the feedback), and then calculates the frequencies 
and partial probabilities of those terms in each element of the 
structure 60. 
To define the complexity variables 62, the complexity pro 

cessor 34 will compose a uni-dimensional vector with the 
obtained variables (i.e., in the steps described, in u1, u2 . . . 
u64. A second uni-dimensional vector (i.e., bias) contains the 
associated weights to the inputs, will, W2 . . . w84, to be 
determined initially in the following way: 

Volumetrics receives light weights 20%: 
Domain receives heavyweights 100%; and 
Complexity receives intermediate weights 70%. 
With the learning iterations of the network these weights 

can be adjusted to reflect training the group better. The neural 
network 38 then receives as input the vectors of variables and 
weights and it supplies the proportional effort to the effort 
recognized during the learning. 
As an example, the following 17 complexity variables may 

be utilized: 
it of domain terms in the brief description 
% of domain terms in the brief description 
it of domain terms in the basic flow 
% of domain terms in the basic flow 
it of domain terms in the alternative flows 
% of domain terms in the alternative flows 
it of domain terms in the Sub flows 
% of domain terms in the sub flows 
# of domain terms in the pre-conditions 
% of domain terms in the pre-conditions 
# of domain terms in the pos-conditions 
% of domain terms in the pos-conditions 
# of domain terms in the Special requirements 
% of domain terms in the Special requirements 
it of domain terms in the Miscellaneous 
% of domain terms in the Miscellaneous 
# of domain terms in the Actors names 

5 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

8 
As noted, in order to implement the neural network38, the 

input variables are first identified. According to the pattern 
presented by these variables, the neural network 38 will rec 
ognize and associate pattern to an effort during the learning 
period. The nature and number of input variables are impor 
tant to allow variability of patterns and covering different 
types of systems. Essentially, they will be combinations of 
Volume measurements and complexity of terms (domain), 
and thus concepts are borrowed from the linguistics field. 
One purpose of the neural network 38 on the method of 

effort estimation is to obtain pattern recognition. The neural 
network 38 will be able to extract basic patterns from input 
data (i.e., the input variables). In this case, the problem 
involves determining the input variables that can provide 
enough information to allow the neural network 38 to recog 
nize patterns of complexity and then calculate effort 22 (e.g., 
man hours). The high level operational description of the 
neural network is as follows: 

(1) Signals are presented at the input; 
(2) Each signal is multiplied by a weight indicating the 

signals influence in the neural network units output; 
(3) The weighted Sum of the signals is made, producing a 

certain activity level; 
(4) If this activity level exceeds a limit (i.e., threshold), the 

unit produces an output. 
In addition to input and output variables, there are values in 

the local memory, which are used for each iteration. The 
capacity of storing memory and Subsequently reacting from 
this stored information produces the learning phenomenon. 
An illustrative implementation of a neural network may 

include, e.g., a multilayer perception with three layers. Such 
a design may include: 

64 input variables: 
26 variables with lightweights from the volumetric group: 
21 variables with heavy weights from the domain group; 

and 
17 variables with intermediate weights from the complex 

ity group: 
Weights (i.e., bias vector): W1, W2, ... w84, may be gauged 
initially in the following way: 

Volumetrics receives light weights 20%: 
Domain receives heavyweight 100%; 
Complexity receives intermediate weight 70%. 

(With the learning iterations of the network these weights can 
begauged to reflect the training group better.) The design may 
further include: 

Input layer: 64 neurons; 
Hidden layer (apply 2*input--1): 129 neurons; and 
Output layer: 1 neuron. 

Note of course that this is an initial design that could be 
changed according ongoing needs. 

In one alternative embodiment, the invention could be 
implemented using two neural networks. The second network 
(i.e., an ancillary neural net) could be used to recognize the 
domain, in place of that described above. 

Note also that the invention is not limited to use cases. For 
instance, an alternative embodiment could apply the same 
concepts to “user stories, another technique to gather 
requirements. While user stories do not have the same for 
malism as use cases, a user stories is akin to the brief descrip 
tion of the use case. Thus, the approach could be to limit the 
award of the user stories to, e.g., only 10 points. Accordingly, 
estimating user stories will be always with less precision than 
estimating detailed use cases. The same approach could apply 
to “declaratives statements, another form used to specify 
requirements. The short text of declaratives statements would 
provide similar precision as User Stories. 
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Referring again to FIG. 1, it is understood that computer 
system 10 may be implemented as any type of computing 
infrastructure. Computer system 10 generally includes a pro 
cessor 12, input/output (I/O) 14, memory 16, and bus 17. The 
processor 12 may comprise a single processing unit, or be 
distributed across one or more processing units in one or more 
locations, e.g., on a client and server. Memory 16 may com 
prise any known type of data storage, including magnetic 
media, optical media, random access memory (RAM), read 
only memory (ROM), a data cache, a data object, etc. More 
over, memory 16 may reside at a single physical location, 
comprising one or more types of data storage, or be distrib 
uted across a plurality of physical systems in various forms. 

I/O 14 may comprise any system for exchanging informa 
tion to/from an external resource. External devices/resources 
may comprise any known type of external device, including a 
monitor/display, speakers, storage, another computer system, 
a hand-held device, keyboard, mouse, voice recognition sys 
tem, speech output system, printer, facsimile, pager, etc. Bus 
17 provides a communication link between each of the com 
ponents in the computer system 10 and likewise may com 
prise any known type of transmission link, including electri 
cal, optical, wireless, etc. Although not shown, additional 
components, such as cache memory, communication sys 
tems, system Software, etc., may be incorporated into com 
puter system 10. 

Access to computer system 10 may be provided over a 
network such as the Internet, a local area network (LAN), a 
wide area network (WAN), a virtual private network (VPN), 
etc. Communication could occur via a direct hardwired con 
nection (e.g., serial port), or via an addressable connection 
that may utilize any combination of wireline and/or wireless 
transmission methods. Moreover, conventional network con 
nectivity, such as Token Ring, Ethernet, WiFi or other con 
ventional communications standards could be used. Still yet, 
connectivity could be provided by conventional TCP/IP sock 
ets-based protocol. In this instance, an Internet service pro 
vider could be used to establish interconnectivity. Further, as 
indicated above, communication could occur in a client 
server or server-server environment. 

It should be appreciated that the teachings of the present 
invention could be offered on a subscription or fee basis. For 
example, a computer system 10 comprising an effort estima 
tor 18 could be created, maintained and/or deployed by a 
service provider that offers the functions described hereinfor 
customers. That is, a service provider could offer to deploy or 
provide the ability to analyze use cases 20 as described above. 

It is understood that in addition to being implemented as a 
system and method, the features may be provided as a pro 
gram product stored on a computer-readable storage medium 
(or computer-readable medium for short), which when 
executed, enables computer system 10 to provide an effort 
estimator 18. To this extent, the computer-readable medium 
may include program code, which implements the processes 
and systems described herein. It is understood that the term 
“computer-readable medium' comprises one or more of any 
type of physical embodiment of the program code. In particu 
lar, the computer-readable medium can comprise program 
code embodied on one or more portable storage articles of 
manufacture (e.g., a compact disc, a magnetic disk, a tape, 
etc.), on one or more data storage portions of a computing 
device. Such as memory 16 and/or a storage system. 
As used herein, it is understood that the terms “program 

code' and “computer program code' are synonymous and 
mean any expression, in any language, code or notation, of a 
set of instructions that cause a computing device having an 
information processing capability to perform a particular 
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function either directly or after any combination of the fol 
lowing: (a) conversion to another language, code or notation; 
(b) reproduction in a different material form; and/or (c) 
decompression. To this extent, program code can be embod 
ied as one or more types of program products. Such as an 
application/software program, component software/a library 
of functions, an operating system, a basic I/O System/driver 
for a particular computing and/or I/O device, and the like. 
Further, it is understood that terms such as “component” and 
“system” are synonymous as used herein and represent any 
combination of hardware and/or software capable of per 
forming some function(s). 
The block diagrams in the figures illustrate the architec 

ture, functionality, and operation of possible implementations 
of systems, methods and computer program products accord 
ing to various embodiments of the present invention. In this 
regard, each block in the block diagrams may represent a 
module, segment, or portion of code, which comprises one or 
more executable instructions for implementing the specified 
logical function(s). It should also be noted that the functions 
noted in the blocks may occur out of the order noted in the 
figures. For example, two blocks shown in Succession may, in 
fact, be executed substantially concurrently, or the blocks 
may sometimes be executed in the reverse order, depending 
upon the functionality involved. It will also be noted that each 
block of the block diagrams can be implemented by special 
purpose hardware-based systems which perform the specified 
functions or acts, or combinations of special purpose hard 
ware and computer instructions. 

Although specific embodiments have been illustrated and 
described herein, those of ordinary skill in the art appreciate 
that any arrangement which is calculated to achieve the same 
purpose may be substituted for the specific embodiments 
shown and that the invention has other applications in other 
environments. This application is intended to cover any adap 
tations or variations of the present invention. The following 
claims are in no way intended to limit the scope of the inven 
tion to the specific embodiments described herein. 
What is claimed is: 
1. A system forestimating an effort to implementa Solution 

associated with a document, comprising: 
a computing device that comprises: 

a volumetrics processor to quantify a structure of the 
document and evaluates a format of the document; 

a domain processor to identify a domain of the system 
associated with the document; 

a complexity processor to define a set of complexity 
variables associated with the document based on the 
structure of the document, a format of the document 
and a domain of the document; and 

a neural network to estimate an effort based on the set of 
complexity variables; 

wherein identifying the domain comprises filtering 
unnecessary terms and associating each remaining 
term with one or more domains, and wherein identi 
fying the domain is based upon a calculated fre 
quency, probability and affinity. 

2. The system of claim 1, wherein the document comprises 
a SC CaSC. 

3. The system of claim 1, wherein the structure is quantified 
with a set of structural volumetric variables that characterize 
terms within the document. 

4. The system of claim 1, wherein the format of the docu 
ment is evaluated based on a predefined standard. 

5. The system of claim 1, further comprising a feedback 
process for updating a dictionary with terms from the docu 
ment. 
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6. The system of claim 1, wherein the complexity variables 
are calculated by analyzing the frequencies and partial prob 
abilities of terms. 

7. A non-transitory computer readable medium having a 

12 
remaining term with one or more domains, and wherein 
identifying the domain is based upon a calculated fre 
quency, probability and affinity. 

8. The computer readable medium of claim 7, wherein the 
program product stored thereon for estimating effort of 5 document comprises a use case. 
implementing a system associated with a document, which 
when executed by a computing device, comprises: 

code for quantifying a structure of a document and evalu 
ating a format of the document; 

code for identifying a domain of an application associated 
with the document; 

code for defining a set of complexity variables associated 
with the document based on the structure of the docu 
ment, a format of the document and a domain of the 
document; and 

code for estimating an effort based on the set of complexity 
variables; 

wherein code for identifying the domain comprises code 
for filtering unnecessary terms and associating each 
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9. The computer readable medium of claim 7, wherein the 
code for quantifying the structure includes code for defining 
a set of structural volumetric variables that characterize terms 
within the document. 

10. The computer readable medium of claim 7, wherein the 
format of the document is evaluated based on a predefined 
standard. 

11. The computer readable medium of claim 7, further 
comprising code for using a feedback process for updating 
the dictionary with terms from the document. 

12. The computer readable medium of claim 7, wherein the 
complexity variables are calculated by analyzing the frequen 
cies and partial probabilities of terms. 

k k k k k 


